Research

JAMA Oncology | Original Investigation

Development and Validation of a Deep Learning Algorithm
for Gleason Grading of Prostate Cancer From Biopsy Specimens

Kunal Nagpal, MS; Davis Foote, BS; Fraser Tan, PhD; Yun Liu, PhD; Po-Hsuan Cameron Chen, PhD;

David F. Steiner, MD, PhD; Naren Manoj, BS; Niels Olson, MD; Jenny L. Smith, DO; Arash Mohtashamian, MD;
Brandon Peterson, MD; Mahul B. Amin, MD; Andrew J. Evans, MD, PhD; Joan W. Sweet, MD;

Carol Cheung, MD, PhD, JD; Theodorus van der Kwast, MD, PhD; Ankur R. Sangoi, MD; Ming Zhou, MD, PhD;
Robert Allan, MD; Peter A. Humphrey, MD, PhD; Jason D. Hipp, MD, PhD; Krishna Gadepalli, MS;

Greg S. Corrado, PhD; Lily H. Peng, MD, PhD; Martin C. Stumpe, PhD; Craig H. Mermel, MD, PhD

IMPORTANCE For prostate cancer, Gleason grading of the biopsy specimen plays a pivotal role
in determining case management. However, Gleason grading is associated with substantial
interobserver variability, resulting in a need for decision support tools to improve the
reproducibility of Gleason grading in routine clinical practice.

OBJECTIVE To evaluate the ability of a deep learning system (DLS) to grade diagnostic
prostate biopsy specimens.

DESIGN, SETTING, AND PARTICIPANTS The DLS was evaluated using 752 deidentified digitized
images of formalin-fixed paraffin-embedded prostate needle core biopsy specimens obtained
from 3 institutions in the United States, including 1institution not used for DLS development.
To obtain the Gleason grade group (GG), each specimen was first reviewed by 2 expert
urologic subspecialists from a multi-institutional panel of 6 individuals (years of experience:
mean, 25 years; range, 18-34 years). A third subspecialist reviewed discordant cases to arrive
at a majority opinion. To reduce diagnostic uncertainty, all subspecialists had access to an
immunohistochemical-stained section and 3 histologic sections for every biopsied specimen.
Their review was conducted from December 2018 to June 2019.

MAIN OUTCOMES AND MEASURES The frequency of the exact agreement of the DLS with the
majority opinion of the subspecialists in categorizing each tumor-containing specimen as 1 of
5 categories: nontumor, GG1, GG2, GG3, or GG4-5. For comparison, the rate of agreement of
19 general pathologists’ opinions with the subspecialists' majority opinions was also
evaluated.

RESULTS For grading tumor-containing biopsy specimens in the validation set (n = 498), the
rate of agreement with subspecialists was significantly higher for the DLS (71.7%; 95% Cl,
67.9%-75.3%) than for general pathologists (58.0%; 95% Cl, 54.5%-61.4%) (P < .001). In
subanalyses of biopsy specimens from an external validation set (n = 322), the Gleason
grading performance of the DLS remained similar. For distinguishing nontumor from
tumor-containing biopsy specimens (n = 752), the rate of agreement with subspecialists was
94.3% (95% Cl, 92.4%-95.9%) for the DLS and similar at 94.7% (95% Cl, 92.8%-96.3%) for
general pathologists (P = .58).

CONCLUSIONS AND RELEVANCE In this study, the DLS showed higher proficiency than general
pathologists at Gleason grading prostate needle core biopsy specimens and generalized to an
independent institution. Future research is necessary to evaluate the potential utility of using
the DLS as a decision support tool in clinical workflows and to improve the quality of prostate
cancer grading for therapy decisions.
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rostate cancer is a leading cause of morbidity and mor-

tality for men.! Its treatment is determined based largely

on the pathologic evaluation of a prostate biopsy,? an
imperfect diagnostic tool. The heterogeneous tumor growth
patterns observed in a biopsy are characterized by the Glea-
son grading system in terms of their degree of differentiation
(ranging from Gleason pattern 3, representing well-
differentiated glands, to Gleason pattern 5, representing poorly
differentiated cells). Ultimately, biopsy specimens are catego-
rized into Gleason grade groups (GG) based on the propor-
tions of the Gleason patterns present in a biopsy, with higher
GG indicating greater clinical risk.

These GGs are inherently subjective by virtue of relying
on the visual assessment of cell differentiation and Gleason pat-
tern predominance. Consequently, it is common for different
pathologists to assign a different GG to the same biopsy (30%-
50% discordances).>® In general, pathologists with urologic
subspeciality training show higher rates of interobserver agree-
ment than general pathologists,® and reviews by experts lead
to more accurate risk stratification than reviews by less expe-
rienced pathologists.!®!! Because important treatment deci-
sions rely on assessment of prostate biopsy specimens and
there is limited availability of expert subspecialists, the de-
velopment of an automated system for assessing prostate bi-
opsy specimens with expert-level performance could help im-
prove the clinical utility of the prostate biopsy.

We developed a deep learning system (DLS) for reading
digitized prostate biopsy specimen sections with the intent of
achieving performance comparable to expert subspecialists.
We evaluated the rate of model agreement with the majority
opinion of several experienced subspecialists and compared
this performance to a panel of general pathologists who inde-
pendently reviewed the same biopsy specimens.

Methods

Data Sets
Deidentified digitized images of formalin-fixed paraffin-
embedded prostate needle core biopsy specimens were ob-
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Key Points

Question How does a deep learning system for assessing prostate
biopsy specimens compare with interpretations determined by
specialists in urologic pathology and by general pathologists?

Findings In a validation data set of 752 biopsy specimens
obtained from 2 independent medical laboratories and a tertiary
teaching hospital, this study found that rate of agreement with
subspecialists was significantly higher for the deep learning system
than it was for a cohort of general pathologists.

Meaning The deep learning system warrants evaluation as an
assistive tool for improving prostate cancer diagnosis and
treatment decisions, especially where subspecialist expertise is
unavailable.

tained from 4 sources, each with independent tissue process-
ing and staining: 2 independent medical laboratories (ML1 and
ML2), a tertiary teaching hospital, and a university hospital.
The ML, tertiary teaching hospital, and university hospital bi-
opsy specimens were used for DLS development, and the ML1,
ML2, and tertiary teaching hospital biopsy specimens were
used for validation. Biopsy specimens from ML2 served as an
external validation data set; these specimens were used for in-
dependent validation only and not used for DLS develop-
ment (Table 1). Additional details are presented in the Slide
Preparation and Image Digitization section of the eMethods in
the Supplement. Ethics approval for the use of these deiden-
tified slides in this study was granted by the Naval Medical Cen-
ter San Diego Institutional Review Board, which also waived
the need for obtaining informed patient consent because the
data were deidentified. No patients received compensation or
were offered any incentive for participating in this study.
Each specimen was randomly assigned to either the de-
velopment or validation sets such that there was no overlap
in slides between the development and validation sets. One
specimen per case was selected for inclusion in the study, with
selection of a tumor-containing specimen where available.
Specimens with nongradable prostate cancer variants or with
quality issues preventing diagnosis were excluded from the

Table 1. Characteristics of the Validation Sets

Entire validation set, No.?

Tertiary teaching

External validation set 2 The validation sets contain prostate

Source or diagnosis ML1 hospital (ML2)P Total core biopsy cases from 3
Biopsy specimens from each source 387 52 371 810 institutions: a large tertiary teaching
Biopsy specimens excluded due to image quality, 1 6 48 55 hospital and 2 medical laboratories
poor staining, or artifacts impeding diagnosis (ML1and MLZ.) inthe Unlte_d States.
Biopsy specimens excluded due to presence of 2 0 1 3 Arepresentative core specimen was
ungradable variants selected from each case. Despite
Cases included (1 biopsy specimen per case) 384 46 322 752 overlapin tt'_ne data source for MU
and the tertiary teaching hospital
Nonilimiot 94 13 147 254 between the development and
Tumor-containing 290 33 175 498 validation data sets, the cases and
Grade group biopsy specimens did not overlap.
®The deep learning system was
! 147 24 76 247 developed using data from ML1and
2 72 6 Al 122 the tertiary teaching hospital
3 46 2 22 70 sources, but not from ML2. Thus
4-5 25 1 33 59 ML2 represents an external

validation data set.
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study. Additional details including the splitting of the devel-
opment set for DLS training and tuning are presented in Table 1
and in eTable 1in the Supplement.

Pathologic Examination of Prostate Biopsy Specimens

All pathologists participating in this study, including the gen-
eral pathologists and urologic subspecialists (M.B.A., A.J.E.,
JWS.,C.C., TK.,,A.RS.,M.Z.,R.A.,and P.A.H.), were US board-
certified or Canadian board-certified, and reviewed the pa-
thology slides for each biopsy in a manner consistent with the
International Society of Urological Pathology 2014 and Col-
lege of American Pathologists guidelines with no time
constraint.!?13 If the specimen did not contain Gleason-
gradable adenocarcinoma, it was classified as nontumor. Oth-
erwise, to assign the final GG, the pathologists provided the
relative amount of tumor corresponding to each Gleason pat-
tern, specifically, the percentage of each that was considered
Gleason pattern 3, 4, or 5. Gleason patterns 1and 2 are not used
in contemporary Gleason grading. The corresponding GG (GG1,
GG2, GG3, or GG4-5) was then derived from the relative pro-
portions of the Gleason patterns (Box).!* Because of their low
incidence and often similar treatment implications, GG4 and
GG5 were collapsed into a single group.

Biopsy Specimen Reviews

Reviews were collected for 2 purposes: first for DLS develop-
ment (training and tuning) and second for assessment of the
DLS system performance using a separate validation data set.
Biopsy specimen reviews for DLS development are detailed in
the eMethods in the Supplement. For DLS validation, 6 uro-
logic subspecialists reviewed the validation set (eFigure 1A in
the Supplement). The subspecialists (M.B.A., A.J.E., T.K.,M.Z.,
R.A., and P.A.H.) represented 5 institutions and had 18 to 34
years of clinical experience after residency (mean, 25 years).

To reduce potential Gleason pattern ambiguity due to is-
sues such as tangential cuts of the specimen, 2 adjacent sec-
tions (levels) of the specimens were provided to the subspe-
cialists. These 3 levels were made available to the pathologists
for establishing the reference standard, but not made avail-
able to the DLS, which interpreted only the middle section of
each specimen. Furthermore, 1 additional section per speci-
men was stained with the PIN-4 immunohistochemistry cock-
tail (P504S plus p63 plus high molecular weight cytokeratin)
to help the subspecialists identify cancer.

For each of the 752 biopsy specimens in the validation set,
reviews were performed by 2 of the 6 aforementioned expert
subspecialists. A third subspecialist reviewed the specimens
when there were discordances between the first 2 subspecial-
ists (176 specimens [23%]). For cases without a majority opin-
ion after 3 independent reviews (13 cases [1.7%]), the median
classification was used. We then evaluated the accuracy of the
DLS compared with this majority opinion of the subspecial-
ists for each biopsy.

Biopsy Specimen Reviews by General Pathologists

for Comparison

To measure the rate of agreement between the general pa-
thologists and subspecialists, each biopsy specimen in the vali-
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Box. Simplified 5-Step Procedure of the Gleason Grading System

Biopsy review involves the following 5 steps

1. Identify whether a tumor is present.

2. When a tumor is present, categorize regions of the tumor as 1 of
3 Gleason patterns: 3, 4, or 5.

3. Quantify the relative amounts of each pattern.

4. Sum the top 2 most prevalent patterns to determine the
Gleason score. Under certain conditions, a third-most prevalent
pattern is also used at this step.

5. Map the Gleason score to a grade group. Both the Gleason
score and grade group are part of standard reporting.

The grade group system was designed to facilitate mapping of
Gleason scores into discrete prognostic groups.™

dation set was reviewed by several (median, 3, range, 1-6) US
board-certified pathologists from the cohort of 19 participat-
ingin this study. The median number of biopsy specimens re-
viewed by each general pathologist was 84 (range, 41-312). To
simulate routine clinical workflow, these pathologists had ac-
cess to 3 sections per specimen, but not the immunohisto-
chemistry-stained section.

Deep Learning System

The DLS operates in 2 stages, mimicking pathologists’ mental
workflow by first characterizing individual regions into Glea-
son patterns, followed by assigning a GG to the entire biopsy
specimen (eFigure 1B in the Supplement). To train the first stage
of'the DLS, we collected detailed region-level annotations from
prostatectomy and biopsy specimens, which generated 114 mil-
lion labeled image patches. The second stage of the DLS was
trained using 580 biopsy specimen reviews (eTable 1 in the
Supplement). Additional details, such as how the DLS neural
network architecture was adapted for Gleason grading via Neu-
ral Architecture Search'* and refined from the system used in
prior work' as well as hyperparameter tuning'® using the de-
velopment set, are available in the Deep Learning System sec-
tion of the eMethods in the Supplement.

Statistical Analysis
Prostate biopsy specimen interpretation involves first deter-
mining the presence or absence of prostate cancer. To evalu-
ate the performance of the DLS for tumor detection, we cal-
culated the DLS agreement rate with the subspecialists’
majority opinion for tumor vs nontumor classification. For
comparison, we also computed the agreement rate of the gen-
eral pathologists with the subspecialists’ majority opinion for
tumor vs nontumor classification. To represent each general
pathologist equally, we calculated each individual general pa-
thologist’s agreement rate with subspecialists separately and
calculated a mean rate across the 19 general pathologists.
When a tumor is identified in the specimen, the next step
of Gleason grading involves characterizing the Gleason pat-
tern of each tumor region and estimating the proportion of each
Gleason pattern present in the specimen (Box). To evaluate the
ability of the DLS to quantitate Gleason patterns in the tu-
mors, we computed the mean difference (mean absolute er-
ror) between the DLS-provided quantitation results and the
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Figure 1. Comparison of deep learning system (DLS) and Pathologist Agreement Rates
With Subspecialists at Gleason Grading of Tumor-Containing Biopsy Specimens
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mean of the subspecialist quantitation results for each Glea-
son pattern. For comparison, we also computed the mean ab-
solute error between the general pathologists’ Gleason pat-
tern quantitation results and the mean of the subspecialists’
quantitation results.

The final step of Gleason grading involves determining the
top 2 most prevalent Gleason patterns in each specimen, which
determines the GG (Box). For evaluating the DLS in determin-
ing the GG for prostate biopsy specimens, we calculated the
exact rate of agreement of the DLS categorization with the ma-
jority opinion of the subspecialists in categorizing specimens
as nontumor, GG1, GG2, GG3, or GG4-5. For comparison, we
also calculated the general pathologists’ rate of agreement with
the majority opinion of the subspecialists. Similar to the tu-
mor vs nontumor evaluation, we calculated each individual
general pathologist’s agreement rate with subspecialists sepa-
rately and calculated the mean rate across the 19 general pa-
thologists. We additionally performed several subanalyses,
which are detailed in the Statistical Analysis section of the
eMethods in the Supplement.

Finally, we conducted receiver operating characteristic
curve analysis at 2 clinically meaningful decision thresholds:
GGl vs GG2-5 (representing the clinical threshold for poten-
tial eligibility for active surveillance vs prostatectomy or de-
finitive treatment'”'®) and GG1-2 vs GG3-5 (because some cases
classified as GG2 with a low percentage of Gleason pattern 4
may still be managed with active surveillance'”'®).

Confidence intervals for all evaluation metrics were com-
puted using a bootstrap approach by sampling specimens with
replacement, with 1000 iterations. All statistical tests were
2-sided (see Statistical Analysis in the eMethods of the Supple-
ment), and P < .05 was considered statistically significant. No
adjustment was made for multiple comparisons. These analy-
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ses were performed using Python, version 2.7.6, and the scikit-
learn library, version 0.20.0.1°

. |
Results

Evaluation was performed using an independent validation set
from 3 institutions (752 biopsy specimens, 1 specimen per case)
(Table 1), each reviewed by at least 2 expert subspecialists (3
subspecialists when there was discordance between the first
2). Using these data, we evaluated the performance of the DLS
for tumor detection, Gleason pattern quantitation, and GG clas-
sification (Figure 1A).

Tumor Detection

In distinguishing 752 biopsy specimens containing tumor from
those without tumor, the rate of agreement with subspecial-
ists was similar for the DLS and for general pathologists (DLS,
94.3%; 95% CI, 92.4%-95.9% Vs pathologists, 94.7%; 95% CI,
92.8%-96.3%; P = .58). The DLS detected tumors more often
than general pathologists, at the cost of more false-positives
(Table 2). Of the false-positives committed by the DLS, one-
third were noted by subspecialists as precancerous: high-
grade prostatic intraepithelial neoplasia (HGPIN) or atypical
small acinar proliferation (ASAP). The remaining false-
positives tended to occur on small artifact-containing tissue
regions (median tissue area called as tumor in these cases, 1%).

Gleason Pattern Quantitation

The DLS Gleason pattern quantitation error was lower than that
of general pathologists across all patterns (Table 3). In particu-
lar, on GG2 slides (n = 122), where small differences in
pattern 4 can substantially alter patient prognosis and
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Table 2. Agreement Rates of the DLS and General Pathologists With the Subspecialists’ Majority Opinion

at 3 Clinically Important Decision Cutoffs?

% (95% CI)

Clinical task, evaluation metric DLS

General pathologist

Nontumor vs tumor determination (n = 752)

Agreement with subspecialist majority opinion 94.3 (92.4-95.9)
Sensitivity
Specificity 91.7 (88.2-94.6)
Grading of tumor-containing biopsy specimens®

Agreement with subspecialist majority opinion
for GG1 vs GG2-5 (n = 498)

Agreement with subspecialist majority opinion
for GG1-2 vs GG3-5 (n = 498)

95.5(93.7-96.8)°

86.1(83.1-89.2)°

92.8(90.8-94.9)°

Abbreviations: DLS, deep learning
system; GG, grade group.

94.7 (92.8-96.3)°
92.8(90.0-95.1)

97.0(95.1-98.6)° 2 Similar to Figure 1, the agreement

rate of the general pathologists
represents the mean rate across all

80.6 (77.9-83.5) general pathologists.

®The higher value in the row.

86.0(83.2-88.5) < Agreement on 2 Gleason grading

thresholds.
Table 3. Mean Absolute Difference in Gleason Pattern Quantitation Relative to Subspecialists®
Subspecialist discordance, % (95% Cl)

Gleason pattern No. Deep learning system Pathologist
3 (Tumor-containing specimens) 498 9.2 (8.0-10.5)° 14.0(12.4-15.6)
4 (Tumor-containing specimens) 498 10.0 (8.6-11.2)° 16.3 (14.6-18.1)
5 (Tumor-containing specimens) 498 1.5(0.9-2.1)° 3.2(2.2-4.3)
4 (Grade group 2 specimens only) 122 12.0(10.4-13.6)° 22.0(19.6-24.6)

2 Gleason pattern quantitation reflects the proportion of tumor in each biopsy
specimen that is characterized as each Gleason pattern. The mean absolute
differences in Gleason pattern quantitation are measured against the mean of
subspecialist quantitation results for all tumor-containing biopsy specimens

(rows 1-3) or grade group 2 biopsy specimens only (row 4).

® ower absolute differences (higher agreement rate in Gleason pattern
quantitation).

treatment,!” the DLS quantitation error rate was substantially
lower than that of the general pathologists (DLS, 12.0%; 95%
CI, 10.4%-13.6% vs pathologists, 22.0%; 95% CI, 19.6%-
24.6%; P < .001).

Grading Tumor-Containing Biopsy Specimens

For Gleason grading of tumor-containing biopsy specimens
(n = 498), the rate of DLS agreement with the subspecialists
(71.7%; 95% CI, 67.9%-75.3%) was significantly higher than the
general pathologist agreement rate with subspecialists (58.0%;
95% CI, 54.5%-61.4%) (P < .001) (Figure 1B). The DLS outper-
formed 16 of the 19 general pathologists in this comparison
(eTable 3 in the Supplement).

In a subanalysis of biopsy specimens from the external vali-
dation set (ML2, n = 175), the rate of DLS agreement with sub-
specialists remained significantly higher than the rate of gen-
eral pathologist agreement with subspecialists (71.4%; 95% CI,
65.7%-77.7% vs 61.2%; 95% CI, 55.7%-67.0%; P = .01)
(Figure 1C; eTables 4 and 5 in the Supplement; additional sub-
analyses and sensitivity analyses are provided in eFigures 5and
6 and in eTables 7, 9, and 10 in the Supplement).

We further examined several clinically important thresholds
on 498 tumor-containing cases (Table 2; eFigure 3 in the Supple-
ment). The rate of agreement with subspecialists was higher for
the DLS than for the general pathologists at distinguishing GG1
vs GG2-5 cases, a threshold with important implications for ac-
tive surveillance vs definitive treatment (DLS: 86.1%; 95% CI,
83.1%-89.2% vs general pathologists: 80.6%, 95% CI, 77.9%-
83.5%; P < .001). Results were similar for distinguishing GG1-2
vs GG3-5 cases (Table 2). The receiver operating characteristic
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curve analysis at these GG thresholds is shown in eFigure 3in the
Supplement.

The contingency tables comparing GG classification by the
DLS and by the general pathologists relative to the subspecial-
ist majority opinion are provided in eTable 2 in the Supple-
ment. Most of the improvement in GG accuracy by the DLS was
due to reduced overgrading. On tumor-containing cases, pa-
thologists had a 25.7% frequency of overgrading vs 8.9% over-
grading by the DLS. By contrast, the DLS was slightly more likely
to undergrade tumor-containing cases relative to specialists
(frequency of undergrading: by pathologists, 14.7% vs by the
DLS, 19.6%).

DLS Grading Examples

Figure 2 and eFigure 2 in the Supplement contain example vi-
sualizations of the DLS’s precise, interpretable glandular-
level Gleason grading. They illustrate the potential of the DLS
tobe helpful in assisting pathologists in tumor detection, grad-
ing, and Gleason pattern quantitation.

|
Discussion

We have presented a system for Gleason grading prostate bi-
opsy specimens with a rigorous evaluation involving numer-
ous experienced urologic subspecialists from diverse back-
grounds, having a mean of 25 years of experience, with access
to several histologic sections and immunohistochemical-
stained sections for every specimen. First, the DLS showed
similar overall tumor detection rates compared with general
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Figure 2. lllustrative Concept of How Deep Learning System (DLS) Results May Be Presented to a Pathologist
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B Gleason5 | 1% low-power magnification view of the
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middle column, 10 x magnification of
the indicated area from the left
column; right column, the
DLS-generated Gleason score and
Gleason pattern quantitation. In the
left column, green represents
DLS-categorized Gleason pattern 3;
yellow, DLS-categorized Gleason
pattern 4.

pathologists, by catching more cases of tumor than general pa-
thologists at the cost of some false-positives. This trade-off sug-
gests that the DLS could help alert pathologists to tumors that
may otherwise be missed?®-! while relying on pathologist judg-
ment to overrule false-positive categorizations on small tis-
sue regions. Second, the DLS showed better agreement rates
with subspecialists than pathologists did for Gleason pattern
quantitation, which is an important prognostic signal and in-
dependent predictor of biochemical recurrence??2® and part
of recommended reporting by the College of American Pa-
thologists, International Society of Urological Pathology, World
Health Organization, and European Association of Urology
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guidelines.'?!324:25 Third, in summarizing the overall GG for
the biopsy specimens (which is derived from the proportions
of Gleason patterns present in the specimen and ultimately
used in risk stratification with the National Comprehensive
Cancer Network guidelines), the DLS showed significantly
greater agreement rates with subspecialists than general pa-
thologists did. Finally, the rate of agreement of the DLS with
subspecialists on an external validation set remained similar,
suggesting DLS robustness to interlaboratory and patient co-
hort differences.

Over the years, prostate cancer treatment has evolved such
that the role of conservative management has been recog-
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nized in men with low-risk disease. In particular, several trials
have shown the safety of active surveillance compared with
radical prostatectomy or radiation therapy in carefully se-
lected patients with localized prostate cancer.?¢28 In this de-
cision-making process, guidelines endorsed by the American
Society of Clinical Oncology recommend consideration of both
the GG and relative amount of Gleason pattern 4.7'® Owing
to the recognized interobserver variability in Gleason grad-
ing, intradepartmental consults have been recommended to
improve consistency and quality of care.?:*° In this regard, the
DLS could function as a valuable decision support tool when
deciding between GGs for patients with localized disease, with
important downstream implications on treatment.

A DLS such as this could therefore create efficiencies for
health care systems by improving consistency of grading,
reducing the consultation-associated costs and turnaround
delays, and potentially decreasing treatment-related mor-
bidity for men with low-risk disease. In particular, the DLS
was substantially less likely to overgrade (especially at the
clinically important GG1 vs GG2 distinction) while being
slightly more likely to undergrade cases than general
pathologists, especially at higher GGs (eTable 2 in the
Supplement). These findings suggest that DLS assistance
could be particularly helpful in accurately identifying low-
risk cases that are eligible for more conservative manage-
ment. The exact implementation and benefit of using such a
tool remains to be determined but must be guided by pro-
spective validation studies that examine the influence on
diagnostic reporting and patient outcomes.

The GG plays a pivotal role in patient treatment,2%28 and
grading among subspecialists is substantially more concor-
dant than grading among general pathologists, both in our
study (eFigure 4 and eTables 3 and 6 in the Supplement) and
in the literature.®>! However, discordance remains even among
subspecialists due to the inherent subjectivity and difficulty
of Gleason grading. The subspecialists participating in the pre-
sent study had at least a decade of urologic pathology expe-
rience and access to 3 levels and immunohistochemistry of each
biopsy specimen in the validation set. These discordances high-
light the need to further improve risk stratification for pros-
tate cancer. One possibility is to develop systems to directly
predict clinical risk with more precision than is possible by hu-
man graders. Such machine learning models could identify
novel histoprognostic signals that are undiscovered or not evi-
dent to the human eye,>?** and may help stratify patient risk
in a manner similar to existing molecular tests.3%-3>

Other works have applied deep learning to Gleason
grading.3¢-4° Strém et al®*® trained and validated a DLS using
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biopsy specimens graded by the same urologic subspecialist
(validation data set sizes: 1631 biopsy specimens from 246 men,
and 330 biopsy specimens from 73 men) and additionally com-
pared grading with 23 subspecialists on a smaller set of 87 bi-
opsy specimens. Bulten et al*® validated a DLS on 550 biopsy
specimens from 210 randomly selected patients from the same
institution used for development, using consensus grades from
3 experienced subspecialists at 2 institutions, and further com-
pared with 15 pathologists or trainees on a smaller set of 100
biopsy specimens. Our study improved on these efforts via sub-
stantial subspecialist-reviewed glandular annotations to en-
able gland-level Gleason grading for assistive visualizations and
explainability (Figure 2); via a rigorous review process involv-
ing several subspecialists from different institutions as well as
3 specimen levels and immunohistochemistry samples for ev-
ery case; through the use of a sizable, independent clinical data
set for validation; and finally by assessment of Gleason
pattern quantitation in addition to Gleason grading of biopsy
specimens.

Limitations

This study has limitations. First, we used 1 biopsy specimen
per case although each clinical case typically involves 12 to
18 biopsy specimens. Second, this study did not evaluate
the correlation of the DLS Gleason grading with clinical out-
comes, which would be less subjective than to subspecialist
review. However, unlike a previous analysis on radical
prostatectomies,'® such an analysis for biopsy specimens
would be challenging due to confounding factors such as
divergent treatment pathways based on the original diagno-
sis, tissue sampling variability inherent to small biopsy
specimens, other clinical variables, and patient preferences.
Third, the effect of rescanning the specimens on model per-
formance will need to be evaluated in future work. Fourth,
additional aspects such as nonadenocarcinoma prostate
cancer variants or precancerous findings were not evaluated
in this study.

. |
Conclusions

To conclude, we have presented a DLS for Gleason grading of
prostate biopsy specimens that is highly concordant with sub-
specialists and that maintained its performance on an exter-
nal validation set. Future work will need to assess the diag-
nostic and clinical effect of the use of a DLS for increasing the
accuracy and consistency of Gleason grading to improve
patient care.
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